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of schooling, have also been found to improve attendance and performance ðFizbein et al. 2009; Baird, McIntosh, and Ozler 2011; Behrman, Todd, and Parker 2011Þ . Merit scholarships or even paying disadvantaged students directly to perform better in school have resulted in small to moderate positive impacts on educational aspirations, matriculation rates, or test scores ðAngrist and Lavy 2002; Kremer, Miguel, and Thornton 2009; Behrman et al. 2011Þ .
Supply-side interventions that address the quality of teaching and schools have also shown positive impacts on the educational outcomes of disadvantaged students. For instance, a review by Glewwe et al. ð2011Þ notes that highquality infrastructure, including walls, floors, roofs, and libraries, generally has small positive effects on student learning. Nutritional or medicinal interventions further have positive impacts on student populations with particular health risks ðMiguel and Kremer 2004; Bobonis, Miguel, and Sharma 2006; Cutler et al. 2010; Behrman et al. 2011Þ . Teacher quality also can have a substantial impact ðPark and Hannum 2001; Rivkin, Hanushek, and Kain 2005Þ, although there is little consensus on which particular aspects of teacher quality matter most for student outcomes.
The majority of studies from developing countries have focused on single and specific interventions for students, in contrast to more comprehensive reforms, which integrate demand-and supply-side interventions. One notable exception is Gertler, Patrinos, and Rubina-Codina ð2007Þ, who test for and find few if any synergies between demand-side ðreducing school fees through subsidiesÞ and supply-side ðproviding teacher training, supplies, and financing parent associationsÞ interventions. In developed countries, only a few studies examine the ðoften mixedÞ impacts of establishing magnet schools, which offer a comprehensive set of demand-side incentives ðlower fees, selective entryÞ and supply-side improvements ðmore spending per student, higher-quality facilities and teachers; Gamoran 1996; Ballou, Goldring, and Liu 2006; Esposito 2010Þ .
The goal of this article is to examine the impact of a comprehensive package of demand-and supply-side educational interventions-namely, the building of free elite ðor magnetÞ high schools targeted toward students from poor areas. In our study's context, students from poor areas in northwest China have lagged behind students from nonpoor areas in opportunities to attend college and elite colleges. Partially in response to these unequal college-going opportunities and partially in an attempt to alleviate poverty by promoting education in poor areas, policy makers in Ningxia, a province in northwest . Both schools target students from poor areas and seek to improve their college admission outcomes. On the demand side, the Innovative High Schools intervention provides students from poor areas with ðaÞ extra opportunities ðseatsÞ to attend elite academic high schools, ðbÞ full tuition waivers, and ðcÞ annual cash subsidies. On the supply side, the intervention invests substantial resources into the two elite schools to improve school and teacher quality ðe.g., infrastructure, nutrition, teacher qualifications, and curriculumÞ so as to improve the college admission outcomes of students from poor areas.
This article conducts an impact evaluation of the Innovative High Schools intervention on the college admission outcomes of students in the poor counties of northwest China. We use a unique administrative data set that includes information on all students in the Ningxia region over 10 years, in combination with short interrupted time series ðSITSÞ with comparison group designs, to estimate the causal effects of the intervention on the college admission outcomes of students from poor areas. By using this unique data set, we are able to estimate the impact of Innovative High Schools on the "typical student"-the average student in the entire age cohort-and not just the students who went to elite high schools. We also use the data and research designs to examine whether the establishment of two elite high schools ðLPS and YCÞ created greater educational equality between poor and nonpoor counties by increasing the chances of students from poor counties to gain admission into college and elite colleges.
The rest of the article proceeds as follows. Section II describes ðaÞ the background of the Innovative High Schools intervention, ðbÞ the administrative data used in the analyses, and ðcÞ our analytical strategy. Section III presents results on the impact of the intervention on the college admission outcomes of the typical student from poor counties. Section IV discusses the findings from Section III and concludes.
II. Research Design

A. Background on the Innovative High Schools Policy Intervention
Policy makers in the Ningxia region were motivated to introduce the Innovative High Schools intervention to help overcome the significant disparities in educational opportunities between students from poor and nonpoor counties. While Ningxia ranked eighteenth out of 31 provinces in the nation in terms of gross domestic product ðGDPÞ per capita ð¥21,470Þ in 2008, there have been significant economic disparities between Ningxia's 22 counties. For example, in 2008, the GDP per capita of Ningxia's 13 nonpoor counties ranged from approximately ¥9,000 to ¥30,000, while the GDP per capita of its nine nationally designated poor counties ðmostly in the southern part of Ningxia; see fig. 1Þ only ranged from approximately ¥2,500 to ¥7,000. Largely as a result of their less favorable economic situation, students from poor counties have been less likely than students from nonpoor counties to attend high school, elite high schools, college, and elite colleges ðLoyalka et al. 2011Þ. Similar economic and educational disparities in fact exist between poor and nonpoor counties in a number of other provinces in northwest and central China ðKanbur and Zhang 2005Þ. In light of the widespread nature of these disparities, policy makers in Ningxia believed that the Innovative High Schools intervention, if successful, could serve as a model for improving the educational outcomes of students from poor areas across northwest and central China.
To improve students' educational outcomes, the Innovative High Schools intervention targeted a comprehensive package of demand-side incentives and supply-side inputs at students from poor counties. First, the intervention exclusively targeted students from nine poor counties-counties in the southern mountainous region of Ningxia that also have a higher proportion of rural students ðsee fig. 1Þ . In other words, the Innovative High Schools intervention provided students from each poor county with opportunities to study in an elite academic high school ðeither LPS or YCÞ-an important consideration in China's heavily tracked system in which the total number of seats in academic high schools is limited.
1 Second, unlike other high schools in the area, LPS and YC high schools not only provided free education by waiving tuition and dorm fees but also provided stipends ðon average ¥600-¥850 per student per yearÞ to cover students' daily needs ðfor the full 3 years of academic high school, grades 10-12Þ. Third, LPS and YC high schools attempted to provide a high-quality education for their students by ðaÞ providing modern and new school facilities; ðbÞ hiring teachers with relatively strong qualifications ðe.g., 100% had at least a bachelor's degree, and a number of them graduated from distinguished normal universities in ChinaÞ; ðcÞ providing instruction, curriculum, and extracurricular activities geared toward the special needs of students from poor areas; ðdÞ potentially creating positive peer effects through selecting high-ability students and enabling more targeted instruction toward students of the same ability level; ðeÞ strengthening the nutritional intake of students by supplementing their traditional diet of starchy vegetables with milk and eggs; and ð f Þ having teachers live in rotation with students and be present to meet student academic and nonacademic needs. The mission and culture of the two elite high schools were also clearly formulated and communicated to various stakeholders ðstudents, parents, teachers, school administrators, officials, and the communityÞ. The mission of the schools was to train students from poor counties so that they could attend colleges and elite colleges, from which they would one day earn high returns in the labor market and become a source of prosperity for their families and communities.
Given its comprehensiveness, the Innovative High Schools intervention was expected to have positive impacts on the college admission outcomes of students from poor counties. However, the policy may also have had negative effects on the college admission outcomes of students from poor counties for several reasons. First, since the two elite high schools absorbed some of the best students from local high schools in each poor county, students who remained in the local high schools in poor counties ðwith less able peersÞ may not have performed as well on the college entrance exam ðDing and Lehrer 2007Þ. Second, the subset of students from poor counties who were admitted into LPS and YC had to board at the schools since both schools were located in the capital city, a significant travel distance from their homes. Boarding students may have performed less well than those who lived at home because they had less household support at school ðColeman 1988Þ.
3 Third, school administrators and teachers at LPS and YC reported that admitted students had difficulties acclimating to the larger urban environment around the schools, and this may have affected their performance. As such, despite what seems to have been an overwhelming positive set of demand-and supply-side interventions, it is still an open empirical question whether the policy intervention had a positive effect on the college admission outcomes of students from poor counties as a whole and, if so, to what degree.
There were two major stages to the Innovative High Schools intervention. LPS opened in September 2003 and attracted students from the top of the ability distribution ðas measured by HSEE scoresÞ. YC opened in 2006 and also attracted high-ability students ðalthough of slightly lower ability than LPSÞ. Subsequent to their establishment, however, the two elite high schools admitted an increasing ðand differentÞ number of students from each county at the start of each academic year ðsee table 1Þ. Therefore, as the elite high schools grew in size and targeted counties differently, the potential impact of the Innovative High School intervention on college admission outcomes may have changed over time as well. We take account of the fact that the potential impact of the intervention may have changed over time in our analytical models below ðsee Sec. II.CÞ.
B. Data
To assess the impact of the Innovative High Schools intervention on college admission outcomes, policy makers in Ningxia gave us access to a unique administrative data set. The administrative data contain information on all 342,485 students who just finished 3 years of academic high school and took the college entrance exam ðCEEÞ in Ningxia from 2001 to 2010 ðwe call this our "CEE data"Þ. The CEE is a standardized, high-stakes exam given to all high school graduates ðin NingxiaÞ who seek to gain admission to college and elite colleges.
There are three major features of the CEE data that help us to assess the impact of the Innovative High Schools intervention on the college outcomes of students across Ningxia. First, the CEE, which is taken by the vast majority of academic high school graduates ðin early June of the last year of academic high school-grade 12Þ, provides us with each students' college admission result. That is, on the basis of the CEE scores and the college-major choices submitted after the CEE, each high school graduate is admitted ðby a complex admissions matching procedureÞ into exactly one college and one major ðor no college major if the student does not qualify for one of the college-major choices submittedÞ. Second, the CEE data provide information on the county that each student was originally from, including whether a student was from a nationally designated poor county ðour treatment variable, as it signifies access to the Innovative High Schools interventionÞ. Third, the CEE data contain information on five high school graduate cohorts who took the CEE ðin June 2001-5Þ before the first cohort of graduates from LPS took the CEE ðin June 2006Þ. The CEE data also contain information on five high school graduate cohorts who took the CEE from 2006 to 2010 ðafter the start of the Innovative High Schools interventionÞ. We take advantage of variation in the presence of the intervention across years and across counties to help identify the causal effects of the intervention ðsee Sec. II.CÞ.
One drawback of using the CEE data to assess the impact of the Innovative High Schools intervention on college admission outcomes is that the data only have information on students who took the CEE in various years. The CEE data thus do not represent the typical student in the population, as they exclude students who did not take the CEE. These students may have attended high school but decided not take the CEE, or they might have simply been students who did not attend high school. Whatever the case, it is likely that CEE takers are more motivated than non-CEE takers. As such, the CEE data only allow inferences about the impact of the Innovate High Schools program on a smaller ðself-selectedÞ group of individuals. To assess the impact of the Innovative High Schools intervention on the typical student in the population ðincluding students who took the CEE and those who did notÞ, we augment the CEE with data from China's 2000 population census. The augmenting procedure for the CEE data consists of four steps. ðaÞ We first used the 2000 census data to approximate the number of individuals in the 18-year-old cohort from each county in Ningxia in each year 2001-10 ði.e., the number of "eligible" CEE takersÞ. We used the number of 17-year-olds in each county in the 2000 census as a substitute for the number of 18-year-olds in the age cohort in each county in 2001, and so on. ðbÞ Our next step was to count the number of students who took the CEE in each county in Ningxia for each year from 2001 to 2010 ðthe actual number of CEE takers in each county-yearÞ. ðcÞ We calculated differences in the number of 18-year-olds in each county-year from the number of students who took the CEE in each county-year. ðdÞ We then appended new individual-level observations to the CEE data equal in number to the differences from step c and filled in the values of the county, year, treatment, and college admission outcome variables for the new appended observations.
The "augmented CEE data" thus capture the size of the appropriate age cohorts in each county-year. Altogether, we added another 746,190 observations to the 2001-10 CEE data. We unfortunately are unable to obtain more detailed information on individual background characteristics from the 2000 census ðwith which to further augment the CEE dataÞ. We can, however, see the college admission outcome values for all of the students in the augmented CEE data, since all students who did not take the CEE did not gain admission to college or to elite colleges ðand thus had an outcome value equal to 0Þ. By adding the 2000 census information on year of birth, county of origin, and college outcomes, we can thus test whether the Innovative High Schools intervention affected the college admission outcomes of the average student. In technical terms, the augmented data set allows us to account for the censoring of student observations who did not attend high school but who may have also been affected by the intervention.
C. Analytical Strategy
The main way in which we estimate the impact of the Innovative High Schools intervention on the college admission outcomes of the typical students is by using a SITS design. In general, the SITS design is used to identify the effects of an intervention that alters trends in an outcome of interest at one or more specific points in time. If the intervention has a causal impact, the time series after the intervention ðthe postintervention seriesÞ would have a different counterfactual trajectory ðe.g., level or slopeÞ than if the interven-tion did not have a causal impact ðShadish and Cook 2009Þ. Under certain conditions, the difference in preintervention and postintervention trajectories can be used to estimate the causal impact of the intervention.
To obtain unbiased causal estimates from the SITS design, the design has to meet four sets of conditions. First, the functional form used in the SITS analysis ðin particular the function that predicts how the outcome changes over timeÞ should be correctly specified ðSteiner, Wroblewski, and Cook 2009Þ. Although the functional form is easier to specify with a longer time series, having measures of the outcome at six time points ðthree preintervention points and three postintervention points; Bloom 2003Þ can also yield valid estimates. The preintervention points are mainly used to understand trends in the outcome before the time of the intervention. The postintervention points are used to understand the potential change in the trend of the outcome because of the intervention. We discuss how we test the robustness of our findings to changes in functional form in Sections II.C.1 and II.C.2 below.
Second, the internal validity of the SITS design can be threatened by historical events that took place at the same time as the intervention-these historical events may be the cause of changes in the outcome variable of interest rather than the intervention ðShadish, Cook, and Campbell 2002Þ. In this type of situation, the internal validity of the SITS design can be strengthened by comparing the treated time series with comparison ðcontrolÞ time series that have never been subject to the intervention but that could have been subject to other historical interventions that the treated time series is also subject to ðWong and Cook 2009Þ. This so-called SITS with comparison groups design enables us to compare cohort differences in treatment and control counties and is thus generally considered a stronger ðin terms of internal validityÞ design than SITS alone for policy impact evaluation. SITS with comparison groups in fact has been applied recently to evaluate the impacts of the US No Child Left Behind policy on improving school performance ðWong and Cook 2009; Dee and Jacob 2011Þ. We discuss other ways to address threats from historical events when we present our analytical models below ðsee Secs. II.C.1-II.C.3Þ.
Third, the internal validity of the SITS with comparison groups design can be threatened by "changes in composition." That is, the way the outcome variable changes over time should not be due to unintended changes in the composition of the study population ðSteiner et al. 2009Þ . For example, it should not be the case that individuals who become aware of the intervention self-select themselves into the treatment or control groups ðor out of the study population entirelyÞ.
Institutional factors in China, in fact, help limit changes in the composition of students before and after the intervention. Specifically, the residential permit ðhukouÞ system in China prevents students from shifting from one county to another, while the HSEE system prevents students from transferring from one academic high school to another. The hukou system, for example, prevents students from poor counties from moving to nonpoor counties to go to academic high school ðand vice versaÞ. The HSEE system further prevents students from transferring high schools within the same county, much less across counties ðwith the Innovative High Schools intervention being an exceptionÞ. The two systems are rigid such that even if students leave the province ðe.g., with their parents who find work in another provinceÞ, they will in most cases have to return to their home county to take the HSEE and CEE.
By examining our augmented data more closely, we can also see how the composition of students within poor ðtreatmentÞ and nonpoor ðcontrolÞ areas for the most part remained stable or grew linearly from 2001 to 2010 ðsee  table 1Þ. 4 This is true of changes in the size of the 18-year-old age cohort and the proportion of females in each age cohort ðpanel AÞ or of changes in the percentage of female, minority, and rural students taking the CEE ðpanel BÞ. While the number of students taking the CEE did climb more rapidly in poor counties compared to nonpoor counties ðpanel BÞ, the increase could have been due to the introduction of LPS/YC. Indeed, the number of students attending elite high schools in poor counties also increased substantially after LPS and YC were established ðnote that poor areas had a few local elite high schools to which students from poor counties could exclusively apply before the creation of LPS and YCÞ. For the most part, the composition of students from elite high schools who participated in the CEE also grew at a steady, linear rate ðpanel CÞ. 5 4 We note here that the 2000 census statistics and the CEE data are the best data available from Ningxia for showing changes in the composition of students across counties before and after the intervention. This is despite the fact that the CEE data only focus on students who took the CEE ðand not, e.g., on all students in high school or in elite high schoolsÞ. Policy makers in Ningxia do not actually possess a separate set of complete and accurate administrative data on high school and elite high school enrollments for the time period. 5 There appear to be two exceptions to this statement. First, in poor counties, the proportion of minority students from elite high schools who took the CEE jumped substantially from 2001 to 2002. This should not affect the internal validity of the SITS with comparison groups design since it was much before the timing of the intervention. Second, in nonpoor counties, the proportion of rural students from elite high schools who took the CEE jumped from 2008 to 2009 ðwhen YC was introducedÞ. If the increase in the proportion of rural students taking the CEE was due to another outside intervention in nonpoor areas, it would mean that the estimates from our SITS with comparison groups design are lower-bound estimates of the true effect of the intervention.
Fourth, the internal validity of the SITS with comparison groups design can be compromised by "threats of instrumentation"-that is, if the measurement or definition of the outcome variableðsÞ changed with the introduction of the intervention. Because we are using broad measures of college admission outcomes that are set at the provincial and national levels, and the definitions of these measures have not substantively changed over time, we are also not especially concerned with threats of instrumentation in our subsequent analyses.
SITS with Comparison Groups-Binary Treatments
With the above conditions in mind, our basic specification for the SITS with comparison groupðsÞ analyses is as follows:
In equation ð1Þ, YðictÞ represents the outcome variable ðvarious indicators for whether a student was admitted into any college, a more elite 4-year college, an even more elite tier 1 or 2 college, or one of the most elite 211/985 collegesÞ. Since YðictÞ is binary, we further run equation ð1Þ as both a linear probability model and a logit model ðpaying more attention ex ante to the results from the logit modelÞ. 6 "Year" indicates the year in which a high school graduate in our sample took the CEE ðequal to 1-10 for 2001-10, respectivelyÞ; Tarea, or 6 The marginal effects estimate for an explanatory variable is the change in the outcome variable for a unit change in that explanatory variable. Because many of the explanatory variables in our models are factor variables ði.e., dummiesÞ, we use the "margins, dydx" command in Stata to obtain "discrete first differences estimates" for those variables. By way of example, to obtain the discrete first differences estimate for Tarea in eq. ð1Þ, we first subtract a model evaluated at the base category for Tarea ðwhere Tarea 5 0Þ from eq. ð1Þ. "Margins, dydyx" evaluates that difference for each observation. "Margins, dydx" then averages the differences across observations to obtain the discrete first differences, or what we call the marginal effects estimate. treatment area, is an indicator equal to 1 for the poor ðtreatmentÞ counties and 0 otherwise; PostLPSpolicy indicates the first 3 years in which LPS graduates took the CEE and which were before YC graduates took the CEE ði.e., PostLPSpolicy is equal to 1 in years 6, 7, and 8 and 0 otherwiseÞ; PostYCpolicy indicates the years in which YC ðand LPSÞ graduates took the CEE ði.e., PostYCpolicy is equal to 1 in years 9 and 10 and 0 otherwiseÞ; years _ since _ LPS indicates the number of years since graduates from LPS began to take the CEE until the time in which graduates from YC began to take the CEE ðthe variable is equal to 1 in year 2006, 2 in 2007, 3 in 2008, and 0 otherwiseÞ; years _ since _ YC indicates the number of years since graduates from YC began to take the CEE ðthe variable is equal to 1 in year 2009, 2 in 2010, and 0 otherwiseÞ.
We use XðictÞ in equation ð1Þ to control for three major sources of countyyear variation that could be correlated with the timing of the treatment and the outcome. Not controlling for such county-year factors could bias the estimates from equation ð1Þ. First, we control for county-year variation in economic levels ðGDP per capitaÞ and local government spending per capita. Increases in economic levels could have increased access to higher levels of schooling. Increases in local government spending per capita could have increased the quality of local ðprimary and secondaryÞ schooling. Both factors could have improved students' chances of gaining admissions into college across county-years and yet also coincided with the timing of the Innovative High Schools intervention.
Second, we control for county-year variation in primary and secondary school enrollments that may have coincided with the Innovative High Schools intervention and that may have simultaneously affected college admissions. According to policy makers, almost all education policies in Ningxia from 2001 to 2010 were concerned with increasing enrollments in primary and secondary schooling; policy makers may have taken special steps to improve enrollment rates in primary and secondary schooling in poor counties in different years. Third, we control for changes in population and ð18-year-oldÞ cohort sizes across county years that reflect the amount of competition a student has ðin a given county-yearÞ when applying for academic high schools, elite high schools, and colleges. 7 7 For the sake of completeness, we also control for the size of the college or elite college quotas each year ðquotas that are set by the provincial government before students take the CEE each yearÞ. For example, if the outcome is "any college," we control for the size of the any college quota. If the outcome is "4-year colleges," we control for the size of the 4-year college quota, and so on. We control for quota size because the quota size across years is not necessarily linear, We pay attention to three types of estimates from equation ð1Þ. First, we examine whether the treatment and comparison group means are different after the intervention from what they are predicted to be from the groups' observed pretest means. The coefficient D5 represents the difference in mean changes between treatment and control groups after the establishment of LPS, while D9 represents the difference after the establishment of YC. Second, we examine whether the observed difference in treatment and comparison slopes is different after the intervention than before the intervention. The coefficient D6 represents the differences in slope changes between treatment and control groups after the establishment of LPS, while D10 represents the difference after the establishment of YC. Third, we examine whether the final difference between treatment and comparison groups in year 10 ðin 2010, the last year of our dataÞ differs from that predicted by preintervention means and slopes. We regard this final difference as the "total impact" of the Innovative High Schools intervention. For example, the total impact of YC is estimated as D9 1 D10 Â 2, where 2 is the number of years since graduates from YC began to take the CEE ðsee Wong and Cook 2009Þ.
We also use slightly different specifications of equation ð1Þ to see whether the results of our analyses are robust to different functional forms. By using a linear year term and interacting this term with other variables, equation ð1Þ assumes that the trend in the college admissions rate ðfor any college or for a particular college tier, depending on the dependent variableÞ is linear. Indeed, figure 2B -2D provides some support for this assumption by showing that a linear admissions rate trend generally holds for 4-year universities, tier 1 or 2 universities, and 211 or 985 ðeliteÞ universities. However, we also see from figure 2A that the trend in "any college" admission rates before the LPS and YC interventions could be nonlinear. The trend in the size of the admissions quotas for Ningxia ðfor all collegesÞ may have been nonlinear due to exogenous ðe.g., college expansionÞ policy factors. To test the robustness of our functional form assumptions to these trends, we modify equation ð1Þ by first adding squared year terms and then interact the squared year term with other model covariates in equation ð2Þ. We also omit the year and year interaction terms from equation ð2Þ entirely. Section III focuses on the estimates from equation ð1Þ only, since all three specifications yielded substantively similar results ðresults omitted for the sake of brevityÞ. As a further robustness check, we run a more flexible dosage model ðwith and without year fixed effectsÞ, which we discuss immediately below.
may affect the outcomes of students in poor and nonpoor counties differently, and could be correlated with the timing of the Innovative High Schools intervention. 
SITS with Comparison Groups-Continuous ðDosageÞ Treatments
In addition to basic specification for the SITS with comparison groupðsÞ analyses ðeq. ½1Þ above, we also look at the impacts of the intervention using a "dosage specification":
where YðictÞ is a binary outcome variable for whether a student was admitted into any college, a 4-year college, a tier 1 or 2 college, or a 211/985 college; Tarea is an indicator equal to 1 for the treatment counties and 0 otherwise; and "year" indicates the year in which a high school graduate in our sample took the CEE ðequal to 1-10 for 2001-10, respectivelyÞ. Equation ð2Þ also controls for county fixed effects and the same county-year factors as in equation ð1Þ.
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The main way in which the dosage specification differs from the specification in equation ð1Þ is that it defines the treatment as a single continuous variable instead of two binary treatment variables. Specifically "Dosage" refers to the percentage of the 15-year-old age cohort in a particular county-year that can potentially access a seat in one of the elite high schools ðLPS or YCÞ. According to table 2, for example, the percentage of the 15-year-old age cohort in Yanchi County ða poor countyÞ that can potentially access a seat in LPS in 2003 ðand therefore take the CEE in 2006Þ is 1%. It is clear from table 2 that the dosage for each county increases over time after the establishment of LPS and especially after the establishment of YC. Furthermore, students from nonpoor areas ðwho did not have access to LPS or YCÞ had a dosage of 0%. Finally, the dosage specification also contains the binary indicator PostPolicy that equals 0 in the years before the first graduates from LPS take the CEE ðyears 2001-5Þ and 1 in the years in which graduates from LPS or YC take the CEE ðyears 2006-10Þ.
The dosage specification relies on more information than the earlier binary treatment models since continuous variables ðthe dosageÞ contain more information than binary variables ðthe binary treatmentsÞ. In particular, the dosage specification not only uses variation across the poor versus nonpoor counties but also uses the additional variation across the county-years of poor counties ðcounties that receive different dosages in different yearsÞ. The dosage specification also allows us to account for the fact that the "strength" of the treatment ðin terms of access to LPS/YCÞ changed somewhat over time after the establishment of LPS/YC. Although they rely on more information, we will see ðin Sec. III belowÞ that the analyses based on the dosage model yield qualitatively similar results to the analyses based on the binary treatment models.
Further Addressing Historical Threats to Validity to the SITS with Comparison Groups Design-Placebo Tests
As we discussed in Sections II.B and II.C.1 above, we attempted to address historical threats to the validity of the SITS with comparison groups design in two ways: ðaÞ improving the validity of the SITS design by adding a comparison group series ðespecially as in the dosage specification in Sec. II.C.2Þ and ðbÞ controlling for possible confounders that vary by county-year. To further address the possibility that our SITS with comparison groups design does not deal adequately with confounding local historical factors, we also run placebo tests of the impacts of the intervention on the preintervention data. 
We run equation ð3Þ using different definitions of the Placebo _ Dosage variable. In general, we define Placebo _ Dosage for a given county-year as being equal to 0 for nonpoor counties and equal to the actual LPS/YC dosage 5 years later ðthe number of seats in LPS/YCÞ for poor counties. We then additionally set Placebo _ Dosage equal to 0 for all poor counties in ðaÞ year 1; ðbÞ years 1 and 2; ðcÞ years 1, 2, and 3; or ðdÞ years 1, 2, 3, and 4. We use different definitions of the Placebo _ Dosage variable ðaccording to alternatives a-dÞ in the DID regressions to test whether the placebo treatment has a statistically significant impact on college admission outcomes. If the estimates of the placebo treatment are not statistically different from zero, then we have greater confidence that our SITS with comparison groups design successfully deals with threats to historical validity.
Finally, we note that the standard errors in our all of our above analyses ðincluding the DID analyses and the earlier SITS with comparison groups analysesÞ are corrected for school-level clustering. Specifically, we use HuberWhite standard errors, which relax the assumption that disturbance terms are independent and identically distributed within schools.
III. Results: Impacts on the College Admission Outcomes
of the "Typical Student" According to our basic SITS with comparison groups analyses ðthe analyses that use binary treatment variables; see Sec. II.C.2Þ, the Innovative High Schools intervention had a positive impact on "any college" admissions ðta-ble 3, cols. 1 and 2Þ. While the mean impacts of establishing LPS and YC on any college are not significantly different from zero at the 5% level, the slope estimates for both LPS and YC are positive and statistically significant ðat the 5% levelÞ. More importantly, the total impact by 2010 is 14.4 percentage points according to the ordinary least squares ðOLSÞ estimates and 8.6 percentage points according to the logit estimates. Thus, according to the logit estimates, the intervention increased the likelihood that a typical 15-year-old student from a poor county would gain admission into any college by roughly 37%.
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The analyses also show that the intervention had a positive impact on 4-year college admissions ðtable 3, cols. 3 and 4Þ. While the mean impacts of establishing LPS and YC on 4-year college admissions again are not significantly different from zero, the slope estimates for both LPS and YC were generally positive ðalthough not always statistically significant, especially in the logit analysesÞ. The OLS estimate of the total impact on 4-year college admissions by 2010 is 4.0 percentage points, while the logit estimate is 2.8 percentage points. Therefore, according to the logit estimates, by 2010 the intervention increased the likelihood that a typical 15-year-old student from a poor county could gain admission to a 4-year college by roughly 24%.
Despite the positive impacts on college and 4-year college admissions, the basic SITS with comparison groups analyses show that the intervention did not have a positive impact on admissions into elite colleges ðtable 3, cols. 5-8Þ. In almost all cases, neither the estimates of the mean nor the slope impacts of establishing LPS and YC on tier 1 or 2 college or 211/985 college admissions are statistically significant. The total impact estimates for both outcomes are also close to zero and not statistically significant. Taken together, the results show that the intervention did not increase the likelihood that a typical 15-year-old student from a poor county would gain admission to an elite college.
We next use the basic SITS with comparison groups design and data from the years 2001-8 only ðbefore the first cohort of students from YC take the CEE in 2009Þ to assess the impact of the establishment of only LPS on college admission outcomes. Table 4 shows that LPS had a small to negligible impact on college admissions. Whereas the OLS estimate of the total impact of LPS on any college admissions was 9.7 percentage points by 2008 ðstatistically significant at the 1% levelÞ, the logit estimate was smaller ð2.7 percentage pointsÞ and statistically insignificant. Similarly, the OLS estimate of the total impact of LPS on 4-year college admissions was 3.2 percentage points by 2008 ðsta-tistically significant at the 5% levelÞ, whereas the logit estimate was close to zero in magnitude and not statistically significant. Because the outcome variable is binary and the logit regressions offer a somewhat better fit, we place more 9 We also run, but do not present ðfor the sake of brevityÞ, SITS with comparison groups analyses that do not adjust for the county-year controls. The estimates from the "unadjusted" SITS with comparison groups analyses ðeither the analyses that use binary treatments or the analyses that use dosage treatmentsÞ are qualitatively similar to ðalthough slightly larger in magnitudeÞ the "adjusted" analyses. Namely, the total impact estimates show that the intervention has a positive and statistically significant impact on any college and 4-year college admission outcomes but not on elite college admission outcomes. weight on the logit estimates. 10 The OLS or logit estimates of the impact of LPS on tier 1 or 2 college or 211/985 college admissions are also close to zero and not statistically significant. The lack of a total impact of the intervention ðLPS onlyÞ by 2008 in contrast to the significant impacts of the intervention ðLPS/YC combinedÞ by 2010 could be due to the substantial increase in the treatment dosage from 2008 to 2010 ðsee table 2Þ.
Indeed, the results from the dosage specification ðagain using all 10 years of data from 2001 to 2010Þ indicate that dosage matters ðtable 5Þ. According to both the OLS and the logit results, a 1% increase in the percentage of the 15-year-old age cohort that can access a seat in one of the elite high schools increases admissions into any college by 1.3-1.6 percentage points ðtable 5, cols. 1 and 2Þ. The results are statistically significant at the 1% level. Furthermore, both the OLS and the logit results show that a 1% increase in the percentage of the 15-year-old age cohort that can access a seat in one of the elite high schools increases admissions into 4-year colleges by 0.5 percentage points. The OLS estimate is statistically significant at the 10% level ðalthough the p-value for the logit estimate is slightly above .10Þ. By contrast, the estimates of the impact of a 1% increase in the percentage of the 15-year-old age cohort that can access a seat in one of the elite high schools seems to have no discernible impact on admissions to elite colleges ðtier 1 or 2 colleges or 211/985 collegesÞ. In summary, the results indicate that an increase in the treatment dosage had a positive impact on any college and 4-year college admissions but no impact on tier 1 or 2 college or 211/985 college admissions.
Finally, our placebo tests provide support for the idea that there are no major historical threats to the internal validity of our SITS with comparison groups analyses ðtable 6Þ. With only one exception, the tests of the impact of the placebo dosage do not show positive and significant impacts on college admission outcomes. The one exception ðthe impact of the placebo dosage on admissions into a 211 or 985 college when the placebo treatment years are 3, 4, and 5Þ is positive and statistically significant at the 10% level. Since 1 out of every 10 estimates should be statistically significant at the 10% level by chance, the fact that only 1 out of our 16 estimates is statistically significant at the 10% level provides support for the idea that the SITS with comparison groups analyses are internally valid.
IV. Discussion and Conclusion
The results of the various SITS with comparison groups analyses suggest that the Innovative High Schools intervention improves the college admission out- 10 The discrepancy between the OLS and logit estimates was likely due to the sensitivity of this particular SITS with comparison groups analysis ðwhich looks at the impact of LPS onlyÞ to functional form. Note. Cluster robust standard errors in parentheses, county fixed effects included. Marginal effects estimates reported, calculated through discrete first-differences estimates. * p < .1.
comes of students from poor counties to some degree. On the one hand, the intervention increases the chances that a typical student from a poor county will gain admission to any college and 4-year colleges ðnonelite collegesÞ. On the other hand, the intervention does not increase the chances that the typical student will gain admission to tier 1 or 2 or 211/985 colleges ðelite collegesÞ. Another finding of our study is that the dosage of the intervention ðthe number of seats available in LPS and YC in each countyÞ is important in affecting college admissions. Whereas by 2008, 0%-2.5% of the age cohort from different poor counties had the opportunity to attend one of the treatment schools, by 2010, 2.5%-9% of the age cohort from different poor counties had the opportunity ðtable 2Þ. The treatment was therefore strong enough in 2010 ðrelative to 2008Þ to produce measurable effects.
A notable aspect of this study was our ability to measure the impact of the Innovative High Schools intervention on the typical student and not just those who attended. Indeed, the size of our estimated effects indicates that the intervention has not only direct impacts on students attending LPS/YC but also indirect impacts on students who do not attend LPS/YC. Even when we conservatively reduce our point estimates ðfrom the logit dosage specificationÞ by a standard deviation, we find that a 1 percentage point increase in the number of students from poor areas who can attend LPS/YC increases college admissions by 0.8 percentage points and 4-year college admissions by 0.25 percentage points.
How did the Innovative High Schools program improve the college enrollment outcomes of students in disadvantaged areas of China? First, by providing much greater access to elite academic high schools through the establishment of LPS/YC, the intervention enabled students who previously could not attend academic high school ðextramarginal studentsÞ with important chances to gain admission to any college and 4-year colleges. In China's heavily tracked education system, if students cannot enter academic high school, their chances of entering college are slim. If they can gain access to academic high school, however, they have a high probability of gaining admissions into college ðapproximately three-fourths of the students who gain admission into high school in Ningxia gain admission into collegeÞ. Second, greater access allowed inframarginal students ðwho were already attending lowquality academic high schoolsÞ to attend academic high schools of higher quality ðsince the new seats in LPS/YC were taken by students at the top of the ability distribution, and all other students along the ability distribution were shifted upward to higher-quality academic high schoolsÞ. Attending a higherquality school may, in turn, increase students' chances of gaining admissions to nonelite colleges ðPark et al. 2010Þ. Third, providing a large number of free seats in elite high schools may have a motivational effect on the typical student from a poor county ði.e., by encouraging him or her to participate more and perform better on the HSEEÞ.
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The way in which the intervention affects students has slightly different implications for policy makers who are interested in improving college access for students from poor areas. In competitive education systems like China ðwhere high school access is severely rationedÞ, the effects may be more in terms of extramarginal students who are now able to attend high school ðand by extension, collegeÞ. If so, policy makers might instead increase college enrollments simply by increasing the number of available seats in academic high schools ðno matter the quality of the academic high schoolÞ in poor areas. But, in less competitive education systems where students who want to enroll in high school are mostly able to attend, elite high schools may operate more through inframarginal students, who are able to move from lower-quality to higher-quality high schools. If so, policy makers might increase the number of seats in higher-quality academic high schools or in fact consider building elite high schools.
Of course, there is a final issue of cost effectiveness. Whether the effects are more through extramarginal or inframarginal students, policy makers may be able to resort to the cheaper option of expanding existing high schools rather than building and investing heavily in new elite high schools. In other words, unless the motivational effects of the Innovative High Schools intervention are large and persist from the beginning until the end of high school ðan open, empirical questionÞ, a more cost-effective solution may be for policy makers to expand existing high schools rather than spend money on the capital construction and supply-side ðschool qualityÞ aspects associated with the Innovative High Schools intervention.
